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One of the greatest problems facing researchers in the 

sub field of Artificial Intelligence known as Intelligent 

Tutoring Systems (ITS) is the selection of a knowledge base 

designs that will facilitate the modification of the 

knowledge base. The Class-Entity-Relationship-Attribute 

(CERA), proposed by R. P. Brazile, holds certain promise as a 

more generic knowledge base design framework upon which can 

be built robust and efficient ITS. 

This study has a twofold purpose. The first is to 

demonstrate that a CERA knowledge base can be constructed for 

an ITS on a subset of the domain of Cretaceous paleontology 

and function as the "expert module" of the ITS. The second 

is to test the validity of the ideas that students guided 

through a lesson learn more factual knowledge, while those 

who explore the knowledge base that underlies the lesson 

through query at their own pace will be able to formulate 

their own integrative knowledge from the knowledge gained in 

their explorations and spend more time on the system. 

This study concludes that a CERA-based system can be 



constructed as an effective teaching tool. However, while an 

ITS - treatment provides for statistically significant gains in 

achievement test scores, the type of treatment seems not to 

matter as much as time spent on task. This would seem to 

indicate that a query-based system which allows the user to 

progress at their own pace would be a better type of system 

for the presentation of material due to the greater amount of 

on-line computer time exhibited by the users. 
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CHAPTER I 

INTRODUCTION 

As the instruction of scientific and technical knowledge 

reaches a critical juncture due to the lack of qualified 

personnel, the need for viable alternatives becomes impera-

tive. Computer-Assisted Instruction (CAI) provides a means 

for individualizing instruction, but does not provide the 

scope and depth needed for the fast-changing worlds of 

science and technology. Intelligent Tutoring Systems (ITS) 

can provide the individualization, scope, and depth needed to 

meet this challenge. However, the best architecture for 

representing certain knowledge, either integrative or 

factual, has not been ascertained for the ITS being 

developed. 

A study which would suggest a better method for storing 

and presenting information to the learner through an ITS 

would greatly benefit the field. 

1.1 Statement of the Problem 

Intelligent Tutoring Systems (ITS), a subset of 
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Artificial Intelligence, have classically differed from 

Computer Assisted Instruction (CAI) in a number of important 

areas. CAI is basically a "frame-based" system consisting of 

a series of frames with all possible paths delineated and 

known, progression linear and restricted. An ITS, on the 

other hand, is a system of components which comprise the 

different parts of the learning process--the Expert Module, 

the Student Model, the Tutor, and the Interface Module. The 

Expert Module contains the rules and knowledge that an 

"expert" (defined within each domain) would have and against 

which the student's answers are compared. The Student Module 

contains the dynamic model of the student's progress and 

current knowledge/bugs. The Tutor analyzes and diagnoses the 

student's response vis-a-vis the Expert Module and then 

generates the next discourse dependent upon the analysis. 

The Interface provides the mechanism for converting both the 

student's response into a form which the Tutor can use and 

the presentation information into a form usable by the 

student. Although ITS have variations thereof," the aforemen-

tioned logical modules are basic to most systems [3, 5, 25, 

27] . 

The major component for each of these modules is the 

single knowledge base upon which all act. Therefore, one of 

the major problems facing designers of ITS is how to 

represent the knowledge base in such a way that allows the 



knowledge to increase over time, capture ill-defined 

knowledge, and be efficiently searched. As Barr states, "In 

AI, a representation of knowledge is a combination of data 

structures and interpretive procedures that, if used in the 

right way in the program, will lead to 'knowledgeable 

behavior" [5]. Work on knowledge representation in the area 

of ITS has borrowed heavily from the more general area of 

artificial intelligence, using a different number of data 

structures for storing information, as well as developing 

procedures that make inferences from these structures in an 

"intelligent" manner. 

Three of the most important knowledge representations 

are production rules [1, 14, 16, 17, 23, 24, 25], plan-frames 

[6, 11, 13, 19, 22, 26], and semantic nets [2, 8, 9, 20, 21]. 

Briefly, the three representations are as follows: 

Production Rules -- consist of a rule base composed of a 

set of production rules (IF-THEN), a special, buffer-like 

data structure called context, and an interpreter which 

controls the system's activity. The "manageability" of the 

ful© base and ease of understanding are two of its strongest 

attractions (see MYCIN/NEOMYCIN [13], GUIDON [12] and 

PROSPECTOR [14]). 

Plan-Frames -- a frame is a data structure consisting of 

a specifying "title" along with knowledge hooks, or slots, 

for facts that are generally known about the subject of the 



"title." These slots can include both procedural and 

declarative information in predefined relations. A plan is 

the definition and solution of problems in a search space 

from which the unimportant details have been omitted. A 

system using this latter representation develops plans based 

on its stored frames (see KRL [6]). 

Semantic Nets -- consists of nodes, usually representing 

objects, concepts, or situations in the domain, and arcs, 

representing the relations between nodes, connecting the 

nodes. Both nodes and arcs are labelled. There are no 

predefined meanings assigned to a network structure. 

Meaning is assigned only by the nature of the procedures that 

manipulate the network (see NLS-SCHOLAR [15]). 

Although I have described only three knowledge repre-

sentations, there are several more that have been used to 

create ITS. Unfortunately, the debate still continues as to 

which representation is most appropriate for which module of 

an ITS, or if a single representation may be appropriate for 

all. 

Knowledge representation has also become a major concern 

for researchers in Data Base. Again, the problem is effec-

tiveness and efficiency of a knowledge structure. One 

knowledge representation which has emerged as one of the 

strongest research areas in database is Entity-Relationship 

(ER). The ER model uses the concept of the entity, repre-



senting objects, as its basic unit. The data structures are 

composed of entities, defined by information requirements, 

properties which are decomposed into attributes, and rela-

tionships between entities [10, 28]. 

A variation of the ER scheme is the C1ass-Entity-

Relationship-Attribute (CERA). CERA contains four record 

types: Class, Entity, Attribute, and Relationship. The 

Class record type corresponds to the entity set in the ER 

model, while the Entity record model corresponds to the 

occurrence of an entity of a given entity set (here, the 

Class of entities) [7]. Although CERA will be discussed in 

greater detail in succeeding chapters, it is being proposed 

as the knowledge representation method because 

1. It conforms to the taxonomic structure of the 

knowledge domain (Cretaceous paleontology) and can thus serve 

as the "expert" within the ITS; 

2. The data structure, with a minimum amount of 

pointers, lends itself to concise organization and 

robus tne s s; 

3. Inferences can be developed using a simple inference 

engine and the built-in property of the relationship "ISA"; 

4. CERA offers the discrete knowledge units found in a 

regular database plus the relationships needed for inference 

in a knowledge base; and 

5. The conversion of regular databases, especially 



those already organized in ER's, is greatly facilitated. 

The research involved in this study uses a CERA know-

ledge base with both a guided and a query-based system. 

"Guided," in this context, refers to a tutoring system that 

suggests which particular information is most appropriate at 

a particular time, while allowing for only minor deviation 

and extraneous queries. The "Guided" system displays the 

user's mastery level as a matter of course and provides 

"guidelines" for study. A "Query-Based" system, on the other 

hand, allows the student complete freedom as to the area to 

be covered, intervening only when the student seems to be 

repeating queries an inordinate amount of times. 

This investigation checks 1) the effectiveness of CERA 

as a knowledge representation method in the presentation of 

the domain (Cretaceous paleontology) and 2) the effects of 

guided vs. query-based systems on integrative and factual 

test scores over the domain. 

1 . 2 The Systems 

Both the guided and the query-based ITS systems consist 

of three main parts similar in function to the six of the ITS 

for interpreting ground tracks: 1) The Expert Module, 2) the 

Student Model, and 3) the Overseer [27]. The Expert Module, 

because of CERA, is the knowledge base itself and the simple 

inference engine used to interpret special relationships 



(i.e., IS A). It includes the targeted elements to be 

learned, such as name meaning, food source, locomotion. The 

Student Model is the updated representation of the student s 

evolving knowledge -- time spent on any one area, responses 

to questions, queries within one area. The Overseer is a set 

of procedures which act as manager, coach, and diagnostician. 

They contain a list of appropriate behaviors for exploring 

the microworld (guided being necessarily more restricted than 

that of the query-based). As manager, coach, and diagnos-

tician, they are a set of procedures that evaluates the 

student's answer and time spent on task, analyzes student 

errors, updates the Student Model, and contains the rules to 

tell the system when to intervene -- if an inordinate amount 

of time is being spent in an area or if a query is being 

repeated continually. ' 

The tutorial systems run in Pascal under VAX/VMS Version 

4.5. Construction of the CERA knowledge base which functions 

as the Expert Module occurs before each subject employs the 

system. 

1.3 Purposes of the Study 

The primary purpose of the study was to determine the 

feasibility of using a CERA knowledge base in the 

construction of an intelligent tutoring system. 

Once the system was built, the secondary purpose of the 



study was to compare integrative and factual achievement test 

scores over Cretaceous paleontology to determine which of two 

ITS presentation methods, guided or query-based, produced the 

higher scores . 

1.4 Hypotheses 

To carry out the evaluation portion of the study, the 

following hypotheses were tested: 

1. Subjects using the guided ITS have statistically 

significantly higher factual achievement test scores than 

those using the query-based ITS. 

2. Subjects using the query-based ITS have statis-

tically significantly higher integrative achievement test 

scores than those using the guided ITS. 

3. Subjects using the query-based ITS have statis-

tically significantly higher on-line times than those using 

the guided ITS. 

1.5 Research Design 

Subjects were stratified according to grade level and 

sex, then randomly assigned to one of the experimental groups 

or the control group. All subjects were administered the 

same evaluation instruments for pretest and posttest. 

Testing was conducted individually by the same person. 

The experimental subjects were exposed individually to 



one of the two tutoring systems -- guided or query. The 

control group was given a written version of all information 

available in the knowledge base and the inference engine. 

All groups had access to pictures depicting the animals of 

the Cretaceous period, plus significant animals of the 

Jurassic. The entire evaluation took place within an eight-

week period. 

Where applicable, the means were computed from ungrouped 

gross scores. The standard deviation was computed by a 

formula for origin at zero and the measures in score units. 

order to ascertain whether or not statistically signi-

ficant data were present, analysis of variance (ANOVA) [18] 

was performed on achievement test scores of the control and 

treatment groups, factual achievement test scores of the 

subjects in the guided and the query-based groups, and 

integrative achievement test scores of the subjects in the 

guided and the query-based groups using SPSS-X. An analysis 

of co-variance (ANCOVA) [18] was performed on the on-line 

computer times of the subjects in the guided and query-based 

groups using SPSS-X. 

The null hypothesis that there was no difference between 

the means was set up and, by reference to a table of area for 

the normal curve, the level of significance was determined 

and reported [18]. 
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1.6 Significance of the Study 

The proposed study focuses on the use of CERA as the 

organization of the knowledge base upon which the systems 

operate, and on the acquisition of integrative and factual 

knowledge by the subjects in query-based and guided intel-

ligent tutoring systems. Systems already developed using one 

of the two methods, query or guided, have been evaluated [4], 

but as yet literature searches have not revealed an evalua-

tion of both methods for the same domain of knowledge --in 

this case Cretaceous paleontology. Also, the use of CERA as 

a knowledge base design in an artificial intelligence 

environment for tutoring systems has not been attempted. 

This study is significant in that it 

1. Provides the rationale for the development of 

tutoring systems which employ a CERA organization, thus 

providing a greater flexibility in the dynamic data 

structures that may be used in the systems. 

2. Tests an intelligent tutoring system using CERA as a 

knowledge base organization. 

3. Determines whether a relationship exists between the 

acquisition of factual/integrative knowledge and query-

based/guided tutoring systems. 
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CHAPTER II 

KNOWLEDGE REPRESENTATION IN ITS 

In this chapter, I discuss some of the research behind 

the development of ITS, including the development and testing 

of query-based and guided ITS implementations. I also 

examine some of the knowledge representation schemes that are 

employed in ITS, discussing strengths and weaknesses. These 

strengths and weaknesses form the criteria for evaluating the 

efficacy of CERA as the knowledge base in the ITS developed 

for this paper, as well as other database organization 

schemes. 

In this chapter, I also discuss the data base schemes 

that have been developed and the strengths and weaknesses of 

each as a knowledge base organization. CERA is then 

discussed as an answer to some of the weaknesses listed, 

while maintaining the strengths. 

2.1 Impetus and Rationale 

With the burgeoning interest in the field of artificial 

intelligence and its attendant areas of expert systems and 

16 
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intelligent tutoring systems, researchers have concentrated 

on various aspects of the organization and function of 

systems employing artificial intelligence. This research has 

caused considerable interest in both military [29, 84] and 

civilian circles. A variety of systems concentrating on 

particular objectives, specific and general, have been 

developed over the years. They have ranged from electronic 

troubleshooting with SOPHIE [18, 17], to signal recognition 

with SU/X [59], medical diagnosis with GUIDON/MYCIN [28], 

two-person adversary boardgame using mathematical skills with 

WEST [20], mechanism understanding with STEAMER [79], 

computer language programming [46, 47], physics [44], nuclear 

power plant personnel training [52], and mathematics [61, 

75] . 

Artificial intelligence itself has been defined as "the 

part of computer science concerned with designing intelligent 

computer systems, that is, systems that exhibit the charac-

teristics we associate with intelligent human behavior 

understanding language, learning, reasoning, solving 

problems, and so on" [7]. Artificial intelligence has been 

divided into many separate areas such as problem reduction, 

logical reasoning, language recognition, intelligent tutoring 

systems, expert systems, robots and vision, cognitive theory, 

as well as other areas [7, 24, 75, 86]. The expert systems, 

and the intelligent tutoring systems which developed upon 
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them, contain components, each of which is the topic of much 

research and evaluation. Although the research of this 

dissertation is concerned with both the use of an ER base to 

represent the knowledge and the area of cognitive theory as 

applied to factual and integrative knowledge acquisition, an 

overview of other considerations that must be taken into 

account with the construction of a system is in order. The 

reader will then have an idea of the discussions being held 

in the different areas of expert systems and intelligent 

tutoring systems, plus have an idea of the power of the ER, 

and in this case CERA, knowledge base. 

In building expert systems, it has been suggested that 

the deductive approaches are clearly the superior methodology 

for constructing an expert system. As Ramsey [64] cites in 

her article, 

As a result, pattern-directed inference systems 
based on antecedent - consequent rules make a strong 
claim to being the best available scheme for 
knowledge representation . . . [4-3] 

There is only one language suitable for repre-
senting information, whether declarative or 
procedural, and that is first-order predicate 
logic. There is only one intelligent way to 
process information and that is by applying 
deductive inference methods. [51] 

She goes on to show that although rule-based deduction 

[21, 32, 58, 67, 68, 83] is the most widespread and well-

known, two other important approaches--statistical pattern 
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classification [9, 50, 89] and frame-based abduction [2, 23, 

55, 57, 66, 73]--exist and are employed in expert systems. 

Anderson [3] suggests two key places for intelligence in 

an Intelligent Tutoring System--the knowledge it has of its 

subject domain and the principles by which it tutors and the 

methods by which it applies these principles. He continues 

his discussion by concentrating on the expert module of the 

tutor which provides the domain intelligence. 

Much research and discussion have been conducted in the 

area of learning theories appropriate for an intelligent 

tutoring system. As with general learning theory, the 

builder of an intelligent tutoring system must be concerned 

with the principles of instructional design [36], objectives 

for instruction and evaluation [49], and determining the 

requirements for the design of learner-based instruction 

[37]. With such a basis in general learning theories, 

researchers in the area of expert systems and intelligent 

tutoring systems have begun developing principles germane to 

artificial intelligence. Anderson [5] suggests cognitive 

principles in the design of computer tutors, Johnson [48] 

pragmatic considerations in the development and implemen-

tation of intelligent tutoring systems, Hayes-Roth [43] 

principles of pattern directed inference systems, Clancey 

[26, 27] certain methodologies for building an intelligent 

tutoring system, and Waterman [32] the generalization of 
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learning techniques for automating the learning of 

heuristics. 

Research has also been conducted in the areas of 

curriculum and instruction in ITS [42], machine intervention 

(the idea of "coaching") [20, 39], the organization of the 

knowledge base [54, 78], acquisition of knowledge [4, 25, 34, 

33, 81, 86], and the question of external knowledge and 

reasoning [53, 62]. 

Three major methods of identifying and diagnosing 

student misconceptions and errors have emerged in the area of 

intelligent tutoring systems--genetic graphs [38], procedural 

bugs [16], and repair theory [19]. Genetic graph theory 

maintains that the student's knowledge is just a subset of 

the expert's. Both the student and the expert reason in the 

same manner. Any error on the student's part is caused by a 

lack of knowledge, not faulty reasoning since the student and 

the expert are assumed to reason similarly. Procedural bug 

theory maintains that the student's knowledge is not simply a 

subset of the expert's, but that incorrect or different 

reasoning takes place as the student strives for the correct 

answer. Repair theory maintains that when a student reaches 

an impasse, he/she will try a "repair" based on previous 

knowledge and procedures learned and this system attempts to 

predict these repairs. 

As has been noted, the area of learning has been widely 
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researched, yet the efficacy of query-based vs. guided 

tutoring systems based on factual and integrative knowledge 

acquisition has not been specifically researched, but has 

been obliquely referred to by Soloway [76]. However, before 

one can be concerned with the efficacy of a system for 

knowledge acquisition, a discussion of how to represent a 

system's knowledge is in order. 

2.2 Representation Schema 

Barr and Feigenbaum [7] list seven knowledge represent-

ation schemes employed in ITS--logic, procedural represent-

ations, semantic networks (nets), production rules, direct-

(analogical) representations, semantic primitives, frames and 

scripts (plan frames). Of these, the three cited in Chapter 

I of this paper, semantic nets, production rules, and plan 

frames, are discussed in greater detail. The strengths and 

weaknesses of each then form the basis for the rationale for 

the efficacy of the use of CERA as the knowledge base schema 

for the ITS employed in this study. 

2.2.1 Semantic Networks 

Semantic networks were developed by researchers in 

psychology, such as Quillian [63], Anderson and Bower [6], 

and Norman and Rumelhart [60], primarily as psychological 

models of human memory. AI research has been more concerned 
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with the development of functional representations of the 

various types of knowledge needed in ITS. The ease with 

which it possible to make deductions about inheritance 

properties is one of the major strengths of semantic net-

works. In a domain where much of the reasoning is based on a 

very complicated taxonomy, such as paleontology, a semantic 

network type of knowledge representation is a natural choice 

[7], One of the problems that occurs in the basic semantic 

network is that links, by their nature, can encode only 

binary relations. What is needed, at times, is a semantic-

net equivalent of a four-place predicate in logic. This is 

especially true when time limits/passage is needed to be 

included into the knowledge base. A solution to this 

problem, allowing nodes to represent situations and actions, 

as well as objects and sets of objects, was proposed by 

Simmons and Slocum [74] and adopted by many semantic net 

systems. 

One of the most serious problems with semantic networks, 

as illustrated, is that there is no distinction in the 

network formalism between an individual node and a class of 

individual nodes. Although some properties of a class are 

true of all members of a class, for example, dinosaurs lived 

in the Mesozoic Era, there are some properties that are true 

of only some members of the class. Research in the area of 

semantic networks has explored ways of making the semantics 
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of network strategies more precise and of specifying dif-

ferent property inheritance strategies [87, 12, 77]. 

Quillian [63] was the first to make use of the node-and-

1ink formalism with his two early semantic-network-based 

systems used primarily as psychological models of associative 

memory. SIR [65], Raphael's early AI system, was one of the 

first programs to employ semantic network techniques. 

Although Raphael did not claim to use a node - and-link 

formalism, the use of binary predicates and reasoning 

procedures was very similar to early semantic network 

systems. SCHOLAR [22, 41], a tutoring program on South 

American geography using mixed initiative dialogue, was 

developed by Jaime Carbonell using a semantic-net-based 

knowledge representation. Each unit, or node, in the net is 

composed of the name associated with that node and a set of 

properties which are lists of attribute-value pairs. 

Semantic networks as a representation scheme are popular 

in AI. Its node - and-link structure captures the essentiality 

of symbols and pointers in symbolic computation, and associ-

ation in the psychology of memory and its strueture is 

extremely compatible with relational database structures (see 

discussion on relational databases below). The simple idea 

of having nodes represent concrete objects in the world and 

links the relations between them cannot be pushed too far. 

Besides problems arising from the inheritance of properties 
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discussed earlier, there are computational problems that 

arise whenever the network database becomes large enough to 

represent nontrivial amounts of knowledge as well as concep-

tual problems when one wishes to represent ideas and beliefs 

rather than facts. Most current work on knowledge represen-

tation, such as CERA, involves an elaboration of the semantic 

network idea. 

2.2.2 Production Rules 

Although production systems were first proposed by Post 

in 1943, they have undergone such theoretical and 

app1ication-oriented development in AI that the current 

systems have little in common with Post's original 

formulation [7]. The term production system is used to 

describe several different systems based on one general, 

underlying idea--condition-action pairs called production 

rules. Basically, there are three parts to a production 

system--1) a rule base composed of production rules, 2) a 

special, buffer-like data structure referred to as the 

context, and 3) an interpreter controlling the activity of 

the system. In essence, a production rule is an IF-THEN 

statement in which the condition of the IF is tested and if 

met, the action specified after the THEN can be "fired"--

executed by the interpreter. A typical rule base contains 

hundreds of productions. 
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Production systems have most often been used in AI 

programs to represent a body of knowledge about how a 

specific real-world task is done. Davis and King [31] 

proposed that a production system can be utilized as a 

knowledge representation for domains in which 

1. the knowledge is diffuse, consisting of 
many facts (e.g., clinical medicine), as 
opposed to domains in which there is a 
concise, unified theory (physics); 

2. processes can be represented as a set of 
independent actions (a medical patient-
monitoring system), as opposed to domains 
with dependent subprocesses (a payroll 
program); and 

3. knowledge can be easily separated from 
the manner in which it is to be used (a 
classificatory taxonomy, such as those 
used in biology), as opposed to cases in 
which representation and control are 
merged (experimental chemistry). 

Rychener [69] describes appropriate domains as those 

such that one can view the present task as a sequence of 

state transitions in a problem space. This behavior can be 

modelled with production systems since each transition can be 

effectively represented by one or more production firings. 

Some of the most well-known production systems are the 

MYCIN/NEOMYCIN/GUIDON series and PROSPECTOR. MYCIN [72, 32] 

acts as a medical consultant to aid in the diagnosis and 

treatment of patients with meningitis and bacteremia 

infections. Included in the system is TEIRESIAS, a knowledge 

acquisition subsystem which helps expert physicians expand or 
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modify the rule base. NEOMYCIN [28] is designed to make 

explicit the implicit approach or strategy for teaching a 

student problem-solving steps in MYCIN by separating out 

diagnostic strategy from domain knowledge and using a 

hierarchical organization of data and hypotheses. GUIDON 

[28] is the tutoring program which initially used rules for 

teaching diagnostic problem-solving with teaching rules 

organized into procedures. Its mixed-initiative dialogue 

differs from other ITS in its use of prolonged, structured 

teaching interactions. It is designed to explore how the 

problem-solving rules in MYCIN measure up to the needs of a 

tutorial interaction with a student, and what knowledge about 

teaching can make it a more effective tutorial program. 

PROSPECTOR [35] is a computer-based consultation system 

developed to assist geologists working on certain problems in 

"hard-rock" mineral exploration. 

Once an appropriate domain has been defined, as shown in 

the examples above, certain advantages and disadvantages of 

production systems become apparent. Three advantages of 

production systems are modularity, uniformity, and natural-

ness [7], although we shall see that these can also be 

disadvantages in certain situations. 

Modularity is achieved since individual productions in 

the rule base behave much as independent pieces of .knowledge. 

They can be added, deleted, or changed without directly 
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affecting any other rule. Uniformity is achieved through the 

uniform structure imposed on the rule-base knowledge, e.g., 

IF-THEN statements. Naturalness comes with the ease in which 

important kinds of knowledge, e.g., statements about "what to 

do" in predetermined "situations." 

As mentioned, however, production systems have certain 

disadvantages. Production systems perform every action by 

means of the match-action cycle and convey all information by 

means of the context data structure. It is therefore 

difficult to have them respond efficiently to predetermined 

sequences of situations or, when the situation demands, take 

larger reasoning steps [8] . Also, although situation-action 

knowledge can be expressed naturally, algorithmic knowledge 

cannot. The isolation of productions and their uniformity 

contribute to this problem since productions neither call 

each other nor can they be composed of several sub-

productions, thus forming a subroutine hierarchy when needed. 

2.2.3 Frames and Scripts (Plan Frames) 

Frames [56] and scripts (plans) [71] are an attempt to 

represent knowledge about objects and events typical to a 

specific situation. Frames were originally proposed as a 

basis for understanding visual perception, natural-language 

dialogues, and other complex behaviors. Scripts are frame-

like structures specifically designed for representing 
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sequences of events. Both structures refer to methods of 

organizing the knowledge base in a way that directs attention 

and facilitates recall and inference. 

The organization of data into frames facilitates the 

interpretation of new data in terms of concepts acquired 

through previous experience. With the use of a slot, the 

place where knowledge fits within the larger context created 

by a frame, and starting with generic, broad-scope frames, 

subsequent specializations not only inherit the same slots, 

but also are more fully specified. 

With slots supplied for knowledge, thus creating the 

possibility of incomplete knowledge, reasoning based on 

"filling in the slots" can be accomplished. Because of this 

flexibility in frame construction, a number of varied 

formalisms have been developed [10, 40, 56, 71]. 

Scripts specify normal or default sequences of events, 

as well as exceptions and possible errors. Underlying the 

declarative structure of scripts (and frames as well) is an 

important procedural aspect of frame-based systems. Proce-

dures can be attached to slots to drive the problem-solving 

behavior of the system. The simplest form of "slot-driven 

behavior comes with the use of default and inherited values. 

When the needed information must be derived, general problem-

solving methods can be augmented by domain-specific knowledge 

about how to accomplish certain, slot-sized goals [71]. Also 
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employed is event- or data-driven processing implemented by 

"triggers"—routines that are activated when the value of a 

slot is found or modified. Triggering has been used in 

frame-driven systems for medical diagnosis [1]. 

Plan-frame systems over various domains and problems 

have been implemented. GUS [10], an automated airline 

reservation assistant, was developed to demonstrate how 

various aspects of dialogue understanding could be facili-

tated. KRL (Knowledge Representation Language) [11] was 

developed to explore frame-based processing and showed a 

number of difficulties and shortcomings, some of which are 

inherent in frame-based processing, e.g., frame-size when a 

large number of specializations are generated, too many or 

too few slots being assigned to a frame, strong inheritance 

properties (see problems in 2.2.1). NUDGE [40] was developed 

to understand incomplete and possibly inconsistent manage-

ment-scheduling requests. 

2.3 Database Development 

Classically, database theory has addressed three major 

systems--relational, hierarchical, and network [30, 45, 70, 

80, 85]. There follows a brief description of each, plus a 

description of CERA. 
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2.3.1 Relational 

The relational approach to data is based upon the 

realization that files that obey certain constraints can be 

considered as mathematical relations; therefore, elementary 

relation theory may be brought to bear on the various 

problems of dealing with data in such files [30]. A 

relational database consists of entity, an object or thing 

that can be distinguished; entity set, a set of entities with 

the same characteristics; attribute, properties of each 

entity which associates a value form a domain of values for 

that attribute with each entity in the entity set; and 

relationship, among entity sets, simply an ordered list of 

entity sets, e.g., IS_0N (PASSENGER, FLIGHT) [15]. 

Relationships may be: 

1-to-1-- for each entity in an entity set, there is at 

most one associated member of the other set, 

e.g., IS_0N (SEAT, FLIGHT); 

m-to-m--for many entities in an entity set, there are 

many associated members of the otli®^ set, 

e.g., IS_IN (STUDENT, CLASS); 

1-to-m-- for one entity in set El is associated with 

zero or more entities in set E2, but each 

entity in E2 is associated with at most one 

entity in El, e.g., HAS (PASSENGER, SEX). 

Figure 1 shows sample data in relational form organized 
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into three tables: S (suppliers), P (pinatas), and SP 

(shipments). For each supplier, the S table contains a 

supplier number, name, status, and location. For each part, 

s# SNAME STATUS CITY 

SI Gonzalez 10 San Antonio 

S 2 Rodriguez 30 San Diego 

S3 Smi th 20 Laredo 

P# PNAME COLOR CITY 

PI Tomate Red Nuevo Laredo 

P2 Sandia Green Monterrey 

P3 Platano Yellow Matamoros 

P4 Naranj a Orange Nuevo Laredo 

S# P# QTY 
SI PI 100 
SI P2 300 
S 2 P2 150 
S 2 P3 200 
S3 PI 100 
S3 P2 200 

Figure 1--Sample data in relational form 

the P table contains a pinata number, name, color, and 

storage location. For each shipment, the SP table contains a 

supplier number, a pinata number, and quantity shipped. It 

is assumed that each supplier has a unique supplier number 

and exactly one name, status, and location; that each pinata 

has a unique pinata number and exactly one name, color, and 

storage location; and that any given time, no more than one 

shipment exists for a given supp1ier/pinata combination. 

Associated with relational databases is the concept of 

normal forms. A normal form is a data organization which 

adheres to certain prescribed rules. For example, a relation 

R is in first normal form if and only if all underlying 

domains contain only atomic values. The normal forms, as 
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they progress, incorporate the rules of all previous forms 

plus a rule which moves the data toward uniqueness and 

independence [30, 13, 15]. 

Knowledge representations in relational databases can be 

logical (predicate calculus), non-monotonic (common sense), 

rule-based, weak slot-filled (semantic nets), and strong 

slot-filled (frame-based) [15]. 

An offshoot of the relational database scheme, the 

entity-re1ationship scheme consisting of individual entities 

connected by relationships, has come to prominence because of 

its flexibility and robustness, of tantamount importance in 

today's database field [13, 15, 80, 85, 88], However, it is 

still, essentially, a static structure. In the area of 

artificial intelligence, a dynamic structure is needed due to 

the changing nature of the knowledge base--data being deleted 

or added, new relations being formed, plus some form of 

inheritance of properties, lacking in relational databases, 

is needed. 

2.3.2 Hierarchical 

The hierarchical data base structure can be likened to a 

single file containing records, or objects, into individual 

trees. Figure 2 is an example of the simplest possible 

hierarchical structure, other than the degenerate case of a 

hierarchy consisting of only a root. In general, in the 
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hierarchical structure, there may be any number of dependents 

of the root, plus each of the dependents may have any number 

of lower-level dependents, and so on to any number of levels. 

It is fundamental to a hierarchy that any given occur-

rence takes on its full significance only when seen m 

Pl-Tomate-Red-Nuevo Laredo P2-Sandia-Green-Monterrey 

I I 
Sl-Gonzalez-10-S an Antonio SI-Gonzalez -10 - San Antonio 

S3-Smith-20-Laredo S2-Rodriguez - 30 - San Diego 
S3-Smith-20-Laredo 

P3-Platano-Yellow-Matamoros P3-Naranj a- Orange-Nuevo 
| Laredo 

S2-Rodriguez - 30 - San Diego 

Figure 2--Sample data in hierarchical form (pinatas 
superior to suppliers). 

context. No dependent occurrence can even exist without its 

superior. The loss of symmetry in queries is a major 

drawback of the hierarchical approach. Also, the duplication 

of data in the various hierarchies causes a very major 

problem when the data is dynamic, as it so often is in ITS 

applications. On the other hand, hierarchies are an obvi-

ously natural way to model truly hierarchical structures from 

the real world. The inheritance of attributes inherent in 

hierarchies can be viewed as both an advantage and a disad-
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vantage depending on how strongly the inheritance is vis-a-

vis the need. 

2.3.3 Network 

In the network approach for the supplier-and-pinatas 

database, as in the hierarchical, the data is represented by 

records and links. The network, however, is a more general 

structure because a given occurrence can have any number of 

immediate superiors and dependents. The many-to-many 

correspondence is modeled more directly. The network allows 

the addition, deletion, and modifications of record occur-, 

rences more easily than hierarchical, yet it is much more 

complicated due to the addition of all the possible con-

nectors within the system. Much like the semantic nets, as 

the knowledge base grows, an inordinate amount of memory is 

devoted to pointers. Plus, as the complexity of the know-

ledge base increases, so do the possible links between 

occurrences. It is very difficult, therefore, to come up 

with a visual model of the ensuing knowledge base. Con-

versely, it is very easy, if the design programmer is not 

careful, to either have the system spend an inordinate amount 

of time searching for data or become "lost" in the maze that 

develops from an increasingly large and complex knowledge 

base. Inheritance of needed properties becomes almost 

impossible since the complex linking that can occur can cause 
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inheritance to be assumed not only where it is not needed, 

but also where it is not wanted [15]. 

2.4 CIass-Entity-Relationship-Attribute (CERA) 

As Brazile states [14] , the C1ass-Entity-Relationship-

Attribute database design (referred to as CERA), was devel-

oped as an answer to one of the major problems facing 

database and knowledge base designers. 

[H]ow to develop a logical data base 
design when information about data 
relationships or a set of anticipated 
enquiries is known about the proposed 
application. The usual solution to this 
problem is a technique which is used to 
produce a unique logical data base design 
for the given application. Once the 
logical design is developed, there are 
additional techniques for refining the 
design. This concept of data base design 
has resulted in the need to redesign or 
reorganize data bases as new applications 
arise. 

An alternate approach to logical data 
base design is one that considers 
evolving user needs using a meta-schema. 

A major benefit of a meta-schema technique is that it 

avoids the formidable task of restructuring the data base as 

data is added, deleted, or modified. If the schema is 

changed, then subschemas may also change, thus eliminating 

certain accesses and possibly causing a redesign of the 

program logic with a whole new process of testing and 

verification [14]. CERA allows the structure of the know-
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ledge base to remain constant although there are changes to 

the data model. 

The Data Base Task Group (DBTG) design for CERA contains 

four record groups [14, 13, 15]: 

CLASS --corresponds to the entity set of the ER Data 

Model. A Class can be a generalized group in 

which occurs many Entities. For example, the 

Class DINOSAUR could contain the Entities 

TYRANNOSAURUS, PTERANODON, and TRICERATOPS. 

ENTITY--corresponds to an occurrence of an Entity of 

the given entity type or Class (see CLASS above). 

ATTRIBUTE--are properties of an entity. CERA allows 

entities to have any number or type of attributes 

independent of the number or type of attributes 

which exist for other entities. For example, the 

Entity TRICERATOPS could have the Attributes 

QUADRUPEDAL, HERBIVOROUS, THREE HORNS, SHIELD 

HEAD; while the Entity ANKLYOSAURUS could have 

the Attributes QUADRUPEDAL, HERBIVOROUS, SPIKED 

ARMOR. Although the attributes QUADRUPEDAL and 

HERBIVOROUS are duplicated, they are still unique 

to each entity so changing an attribute for one 

entity does not necessarily entail the changing 

of a similar attribute for other entities. 

RELATIONSHIP--represents the occurrence of a binary 
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relationship between two entity occurrences. In 

CERA, relationships of a higher degree than 

binary must be represented by two or more binary 

relationships. The power and variations of 

relationships in CERA are discussed later in this 

section. An example of a Relationship is 

LIVE S_IN (TRICERATOPS, CRETACEOUS). 

CLASS 

ENTITY 

ATTRIBUTE 

RELATIONSHIP 

Figure 3--Simplified version of CERA 

Figure 3 shows a simplified version of CERA with the 

direction of the arrows showing "ownership". 

CERA can be designed as CERA2, which allows relation-

ships between Classes, and CERA3, which allows relationships 

between Attributes (see Figure 4). In an actual application, 

the CERA structure takes on a slightly different form than 

shown in Figure 3. As Figure 5 shows, all entity occur-

rences of a class are connected in a circular linked list 
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CLASS ^ELATIONSHIF CLASS ^ELATIONSHIF CLASS ^ELATIONSHIF 

1 

ENTITY RELAT10NSHIF 

1 

ENTITY RELAT10NSHIF 

1 

ENTITY RELAT10NSHIF 

I 

ATTRIBUTE ^ELATIONSHIF 

Figure 4--CERA3 

which allows the rapid access to an individual entity and 

traversal through all entity occurrences of a class, ending 

back at the class record. Attributes are similarly arranged 

for each entity. 

ENTITY ENTITY ENTITY CLASS 

Figure 5--CERA structure in application 
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Relationships are approached in a similar fashion in 

CERA, but with one major difference--an entity may have as 

many "slave/ownee" pointers as needed for which it is such 

within a relationship, but it will have only one 

"master/owner" pointer for which it is such within a rela-

tionship. As Figure 6 shows, Entity 1 of Class 1 is the 

master/owner of 3 relations with other entities, while being 

the slave/ownee of two. 

SLAVE r RELATION 1 

CLASS 1 

MASTER 
RELATION 3 

f 

ENTITY 1 — 
SLAVE 

RELATION 2 

ENTITY 1 

\ 

SLAVE 
RELATION 2 

1 

MASTER 
RELATION 2 

MASTER 
RELATION 1 L 

Figure 6 - - CERA master/slave relationships 
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This type of structure allows for the quick, efficient 

location of slave/ownee entities by traversal of the 

master/owner linked list of relationships. By the same 

token, following the various slave/ownee links to their 

master/owner allows that data to be quickly and efficiently 

ac c e s s e d. 

Inheritance is also available not only from Classes, but 

the master/slave relationship structure, combined with the 

special property involved with IS_A, allows for longitudinal 

inheritance. For example, the relationship IS_A (TYRAN-

NOSAURUS, CARNIVORE) allows TYRANNOSAURUS, since it is the 

master, to take on the properties of CARNIVORE while not 

allowing CARNIVORE to take on those of TYRANNOSAURUS. The 

CARNIVORE Attribute of PACK_HUNTERS would be attributed to 

TYRANNOSAURUS, while the TYRANNOSAURUS Attribute of 

SIX_INCH_TEETH would not be attributed to CARNIVORE. By 

starting at CARNIVORE and traversing all relationships in 

which it was a slave, all animals which are carnivores could 

be ascertained. 

Because of the nature of CERA, it was selected as the 

data organization for the knowledge base of the ITS in this 

research for the following reasons: 

1. Its data structures, records of single fields and 

pointers organized into classes, entities, 

relationships, and attributes, lends itself well to 
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a variety of languages, thus broadening the possible 

language base used in artificial intelligence from 

its present base in Prolog and Lisp. 

2. Because of its language portability and the lack of 

Prolog and Lisp in many environments, its use for 

developing artificial intelligence based systems, 

e.g., tutoring systems, allows such development 

without the need for additional compilers. 

3. Because of its structure, it can act as the "expert" 

within a system against which the student's know-

ledge is compared. 

4. Because of its structure, a simple inference engine 

can be developed to search the data for answers. 

5. Because of its structure, it has both hierarchical 

and inheritance properties not as readily available 

in other knowledge base representation schemes. 

6. It has the capability of being illustrated in graph 

theory representations. 

The application of CERA m an intelligent tutoring 

system environment has not been undertaken and it is felt 

that, because of the properties described above, it lends 

itself best to the problem of guided versus query-based ITS. 
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CHAPTER III 

THE INTELLIGENT TUTORING SYSTEMS 

As mentioned in Chapter I, both the guided and query-

based systems developed for this study function in a way 

similar to that of all ITS. The major difference between the 

tutors and other systems is that most ITS consist of six 

parts -- the Expert Module, the Curriculum Module, the State 

Model, the Diagnostician, the Student Model, and the Coach. 

The CERA-based systems, because of the properties inherent in 

CERA, are able to accomplish the tasks of the usual six in 

three -- the Expert Module, the Student Model, and the 

Overseer. Before I discuss the three parts of the study ITS, 

an overview of how the systems interact with a user will give 

an idea of the function of the parts. 

3.1 The User Interface 

The CERA-based tutors contain a user interface which 

tends to be both flexible and easy to use. The system 

minimizes typing skills by requiring a maximum of four (4) 

letters for queries. Since the system assumes no prior 

56 
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knowledge of Cretaceous paleontology, the tutors display 

available choices to the user. Also, the user is allowed to 

return to non-mastered material at any time during a session. 

3.3 Sample User/System Interaction 

In general, the user "learns" about Cretaceous paleon-

tology by accessing information concerning various charac-

teristics and relationships about the topic and then 

correctly answering questions over the information. A 

typical user enters the system and is asked for first name 

and ID number (assigned by the researcher). After the 

presentation of certain introductory information designed to 

inform the user of the system functions and expectations, the 

system constructs a class-level study options list and 

displays this to the user (see Figure 7). 

The classes of information over the Age of Dinosaurs 
are : 

MESOZOIC 
DINOSAURS 
FOOD 
DEFENSE 
LANDSCAPE 

Figure 7 -- Classes of the Age of Dinosaurs 
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Upon entry of a class key (the first four letters of the 

class), the student gains access to the entities of the class 

(see Figure 8). Similarly to the display on the class level, 

the guided system automatically displays a message with the 

non-mastered entities; the query-based only when STAT is 

entered. At this point, the user enters the entity key. In 

the example of class DINOSAURS, each entity's attributes are 

arranged in the knowledge base in the following order 

The areas of study in the class of DINOSAURS are: 

ANATOSAURUS 
ANKLYOSAURUS 
BRONTOSAURUS 
PTERANODON 
STEGOSAURUS 
TRICERATOPS 
TYRANNOSAURUS 

Figure 8 -- Entities of the class DINOSAURS 

identifying characteristic, locomotion, food type, and size. 

Upon access of the entity, each of the attributes is 

displayed one at a time. The user can select to cycle 

through this list as many times as they feel is necessary to 

achieve mastery of the material. Upon completion of this 

phase of the program, the screen is cleared and the user is 

given the entity attribute question (see Figure 9). Once the 



59 

user has entered an answer, the system records the mastery-

level of the entity. The attribute question is presented to 

the user whether or not all the attributes are accessed in 

the query-based system. It is felt that not only will this 

check the user's knowledge, but also provide an incentive to 

the query-based user to explore the system more fully. 

Which of the following attributes doe NOT belong to the 
TYRANNOSAURUS: 

1. 6 - inch teeth 
2. meat eater 
3. bipedal 
4. armor 

Answer: 

Figure 9--TYRANNOSAURUS attribute question 

After the user answers the attribute question, the 

system displays information concerning the entity's 

relationships with other entities within the knowledge base. 

Once all the entity's relationships have been displayed, the 

system asks if the user has any questions. The systems 

handle a user question on relationships differently. Upon 

entry of a question, in the form of the key of the related 

entity, the guided system informs the user that the original 

entity accessed has not been mastered and questions whether 
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The TYRANNOSAURUS lived during which period: 

1 - Triassic 
2 - Jurassic 
3 - Cretaceous 

Answer: 

Figure 10--TYRANNOSAURUS relationship question 

of not to proceed with the new entity. If the user answers 

"no", the system redisplays the relationships in toto and 

again asks if there are any questions. If, however, the user 

answers "yes" to the first query, the new entity is accessed 

and its attributes displayed in the manner discussed above. 

The attribute question and the relationships are not 

displayed. The user is then returned to the original entity, 

and the system proceeds as described. If not, the 

relationship question is presented (see Figure 10); after 

which the entity list is redisplayed. 

In the query system, the user is allowed to proceed with 

the new entity as if it were an entity access . The original 

entity is left behind. 

After completing the access of all the entities within a 

class, whether mastered or not, both systems ask the user if 

they wish to reaccess any entity. If not, a class level 

question is given (see Figure 11). After the class 
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Put the number of the period with each dinosaur that lived 

during that period: 

1 - Triassic 
2 - Jurassic 
3 - Cretaceous 

ANATOSAURUS 
ANKLYOSAURUS 
BRONTOSAURUS 
PTERANODON 
TRICERATOPS 
TYRANNOSAURUS 

Figure 11 --DINOSAURS class question 

question, both systems return the user to the class level 

list (see Figure 7). 

For an example of a typical guided system dialogue, see 

Appendix H. For an example of a typical query-based system 

dialogue, see Appendix G. 

Both systems also contain a series of error handling 

procedures designed to maintain accuracy of queries. For 

example, when the user makes a class-level query, the system 

checks the classes to see if the query is an actual class-

level query. If the query is not. class-level, the system 

will ask the user if the query has been mistyped. If it has, 

the systems allows the user to retype the query. If it has 

not, the user is asked if they know the class in which the 

query is an entity. If they do, the class is asked for, then 

accessed. If not, the system will determine the class then 
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access that class. A similar check is made for entity-

queries . 

The class and the two types of entity questions, 

attribute and relationship, are hard-coded and invoked by the 

system as the user progresses. In the variation of CERA used 

in this study (see Expert Module below), the integer field 

QUERY is used to indicate the number of times a record has 

been accessed and allows the system to invoke appropriate 

questions. 

RECPTR = A CERAREC; 
CERAREC = record 

CERATYPE : char ; 
IDFIELD : varying array [30] of char; 
NEXT : RECPTR; 
QUERY : integer; 
CHILD : RECPTR; 
MASTER : RECPTR; 
SLAVE : array [1..10] of RECPTR; 
end; 

Figure 12--Modified CERA data structures 

3.2 The Expert Module 

Due to the taxonomic structure of the domain in this 

study, the preferability of a network type structure for such 

domains [4, 5], and the inherent strengths of CERA [1, 2], 

CERA constitutes not only the knowledge base upon which the 

various modules act, but also the Expert Module itself. A 
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discussion of the construction of the Expert with the 

modified. CERA follows. 

3.2.1 The Data Structures 

Although Brazile [2] suggests different record 

structures for the classes, entities, attributes, and 

relationships, since the system is of a limited domain and 

the records themselves contain information for the evaluation 

of the user's progress, a single data structure is used for 

this study for all record types. Figure 12 illustrates the 

data structures used in the construction of the knowledge 

base . 

The IDFIELD holds the name of the record, whether class, 

entity, relationship, or attribute. NEXT is a pointer to the 

next record in the list (of classes, entities, relationships, 

attributes). QUERY is an integer field used to count the 

number of times a user accesses a particular record. CHILD 

is a pointer used to 1) point to the first attribute in the 

attribute list of an entity, or 2) point to the first entity 

in the entity list of a class. MASTER is a pointer to the 

slave relationships of an entity. SLAVE is an ten-member 

array of pointers which point to the master relationships of 

an entity. SLAVE allows for only ten master relationships as 

constructed, but for the domain of the study the amount is 

sufficient. Chapter V discusses the possibility of other 
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data structures for more complicated and much larger know-

ledge bases. 

3.2.2 Building the Knowledge Base 

To build the knowledge base, the systems initially open 

a text file named PALEON. This file contains the names of 

the class used in the CERA knowledge base for this study 

(MESOZOIC, DINOSAURS, FOOD, DEFENSE, LANDSCAPE). As these 

names are read in, a class-level circular linked list (see 

Figure 13) is constructed. 

ETRICERATOPS 
Athree horns on shield-like head 
Aquadrupedal - four footed 
Aeats plants 
A20 ft long 
ETYRANNOSAURUS 
A6- inch teeth 
Abipedal - two footed 
Aeats meat 
A30 ft tall 

Figure 14--Class file DINOSAURS 

These names in PALEON are used not only as class ID's in 

constructing the various classes, but also are the names of 

the text files which contain the entities and the attributes 

which make up each class. Figure 14 illustrates a portion of 

the class file DINOSAURS and Figure 13 illustrates the CERA 
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entity list for the class DINOSAURS. 

As data is being read in, the first character of each 

line is checked to determine the classification, either E for 

entity or A for attribute, of the data on the line. If an E 

occurs, the knowledge base builder reads the following data 

in as an entity and connects it to the growing list of 

entities within the class. The first four (4) letters of 

each entity (as well as each class) are used to build the 

Class-Entity table described in Student Model section below. 

If an A occurs, the following data is read in as an attribute 

of the previous entity. The use of records and pointers in 

building the knowledge base in a CERA format allows for any 

number of classes, entities within classes, attributes of an 

entity to occur. As mentioned in Chapter II, the classes, 

entities, and attributes are built as circular linked lists, 

which works well for the limited domain of this study. 

Figure 13 illustrates a portion the Class DINOSAURS entity 

list with the attributes of the entity TYRANNOSAURUS shown. 

After the CE-A of the CERA is constructed, the system 

accesses the file ENTRELS, which contains the entities and 

their relationships. Figure 15 illustrates a portion of the 

ENTRELS file. The relationship builder expects a 'C' to 

indicate the class of the master entity, an 'M' to indicate 

the master entity itself, another 'C * to indicate the class 

of the slave entity, an 'S' to indicate the slave entity 
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CDINOSAURS 
MANATOSAURUS 
CFOOD 
SHERBIVORE 
RIS A 

Figure 15--A portion of ENTRELS file 

itself, and an 'R' to indicate the relationship between the 

master and the slave. Figure 16 illustrates some of the 

relationships that are constructed for the entity 

ENTITY 

FEROCITY 

ENTITY 

TYRANNOSAURUS 

RELATION 

HAD DEFENSE 
OF 

RELATION 

LIVED IN 

MASTER 

SLAVE 

ENTITY 

CRETACEOUS 

RELATION 

IS_A 

ENTITY 

CARNIVORE 

Figure 16--Entity TYRANNOSAURUS relationship list 

TYRANNOSAURUS. A text file is used for all files since they 

can be created and modified using a word processing package. 

Although C, M, S, and R are not actually needed, they are 

used to remind the person constructing the relationship file 

the order and the meaning of the lines needed for a relation-
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ship. Also, if the relationship builder runs into a letter 

out of sequence or a missing/incorrect letter, it will skip 

over the faulty relationship to the next correct one. 

3.3 The Student Model 

The Student Model is a two-dimensional array of single 

characters used to represent the updated evolving student 

knowledge of the system. As the classes and entities are 

read in, the system builds a table of classes and entities 

consisting of the ID's (names) plus two integer fields which 

refer to the array character of the particular entity or 

class. For example, ANKLYOSAURUS is the third entity input 

in the class DINOSAURS, the second class input. Therefore, 

the table reference for ANKLYOSAURUS is ANKL23 -- ANKL being 

the query key, 2 the class reference, and 3 the entity 

reference. This table is used by the system to 1) update the 

particular Student Model reference, and 2) find an entity 

query if the class is not known. 

The initial Student Model is constructed with the value 

'0' in all possible class/entity references. As mentioned 

earlier, since the domain for this study is limited and 

known, an initial Student Model array of 10 X 10 is used. 

The update of the Student Model occurs when 1) a class or 

entity is accessed, or 2) the information of a class or 

entity is mastered. 
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As a class and its entities (with their attributes) are 

read in to build the knowledge base, an 'x' is used to 

replace the appropriate '0'. Later, when the user begins to 

work their way through the system, an 'M' is used by the 

system to indicate the user has mastered the knowledge of the 

class or entity. Mastery is defined as correctly answering 

the class/entity question designed to test such knowledge 

acquisition. If mastery is not achieved, an 'a' is used to 

indicate that the class/entity question has been attempted. 

The Student Model, a reflection of the student know-

ledge, is seen as a subset of the expert's knowledge (see 

Goldstein [3]). In both systems, mastery is achieved on an 

entity level only if attribute and relationship questions are 

answered correctly. On a class level, the mastery question 

is invoked only if there has been mastery attained for all 

entities of that class. As mentioned, the query-based user 

knows his/her mastery level only if a STATus query is input. 

Then and only then does the system access the Student Model 

to report mastery to the user. 

For this study, the system keeps a count of correct 

answers vis-a-vis attempts in order to provide more student 

performance evaluation data. If a user has not achieved 

mastery, as indicated by the Student Model, a question over 

the non-mastered information can be displayed. If mastery 

has been achieved, questions over the mastered information 
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can not be invoked regardless of the number of accesses by 

the user. 

3 . 4 The "Overseer" 

"Overseer" is the name given to the procedures that act 

upon both the Expert Module, i.e. the CERA knowledge base, 

and the Student Model. These procedures can be catalogued 

under two major functions -- manager and diagnostician. A 

discussion of these two functions follows. 

3.4.1 Manager 

The "manager", procedures that allow the system to query 

the knowledge base for required information, invoke class-

and entity-level questions (see above), and update the 

student model as mastery is achieved. Since the expert 

module contains, by its very structure, an implicit order of 

how the knowledge should be learned, the manager procedures 

allow the user to explore this domain in a prescripted 

manner. 

In the access of information on an entity, the manager 

procedures allow for relational access only to the point of 

the related entity. For example, if the guided user selects 

the entity TYRANNOSAURUS and is presented with the its 

relationships, the user would discover that the Tyrannosaurus 

lived in the Cretaceous Period. Queries on the Cretaceous 
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Period are deferred by the manager procedures until all 

relationships are accessed or until the user forces a change 

(see above). At that time, the system suggests the user look 

at the attributes associated with the original entity, as 

well as other entities of the class. If the student has 

already accessed the entities, or if the user still insists 

on accessing the Cretaceous Period, the system allows the 

user to do so, noting that not all needed information has 

been accessed. This is then reported to the user of the 

guided system at class- or entity-level queries by the 

diagnostician procedures. 

3 . 3 Diagnostician 

As its name indicates, the diagnostician procedures 

diagnose the user's answers for appropriateness and correct-

ness, invokes the questions after polling the knowledge base 

to see if the information to be questioned has been accessed, 

and makes the necessary field adjustments in the Student 

Model as knowledge is mastered. 

In the guided system, the diagnostician procedures, upon 

invocation of the class list, provides the user with infor-

mation about which classes have not been mastered. 

Similarly, when a class is invoked, the system notes which 

entities have not been mastered. This feature allows the 
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user the option of accessing the information needed for 

mastery. 

In the query-based system, the diagnostician procedures 

act primarily as a status keeper for the user, being invoked 

only by query. For example, as the user explores the 

knowledge base, the diagnostician procedures, as in the 

guided system, keep track of accessed and non-accessed 

classes, entities, attributes, and relationships. This 

information, however, is not presented to the query user 

unless the command STAT (for STATus) is entered. Whereas the 

guided diagnostician procedures are very restricted and cause 

the system to intervene when the user strays from the 

suggested model (as explained above), the query diagnostician 

procedures allow the user to explore the knowledge base 

unas si s ted. 

The diagnostician procedures operate on the two levels 

indicated earlier -- class and entity. At the class level, 

QUIT allows the user to quit the system completely. At 

entity level, HOME returns the user to the class level. 

There are also diagnostic procedures which tell the 

system when to intervene in the learning process. Their 

primary functions include monitoring user deviation from the 

model, review of mastered information, repetition of 

material, and time on task. 

Review involves the access of the mastered information. 
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In the query-based system, the diagnostic procedures allow 

the user to review material as desired. If the user has 

achieved mastery level on the material, an intervention 

message that the material has been mastered is displayed to 

the user. If the user wishes to proceed, the system allows 

them to access the information. Any further reviews of the 

same material are allowed without intervention unless STAT is 

entered. If STATus is invoked, the user is issued a first-

time reminder and then allowed access. All subsequent 

reviews are not given this reminder. 

Similarly, the guided system displays an intervention 

message on a first and second time review queries of mastered 

material. The third and subsequent queries, the systems 

displays the message "Material already mastered," and 

prevents the user from-further unneeded repetitions of 

mastered material. 

Both systems allow a user to access non-mastered 

material in the knowledge base three times. Repetition of 

non-mastered material in the query-based system brings no 

response from the diagnostic procedures. However, in the 

guided system, if the student has not mastered the material 

after three repetitions, the system suggests that the 

contact the instructor. 

The systems also monitor the user's time between 

interactions. If after three (3) minutes, there i 

user 

is no 
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keystroke by the user, a notice of time expired is displayed. 

If after five (5) minutes there is still no keystroke, the 

system displays a message that the system is about to shut 

itself down. After a total time of eight minutes, the system 

shuts itself down. This shut-down procedure can be postponed 

by typing in the word HOLD. 

In summary, the systems function as providers of 

knowledge for the user. By the entry of keys (the first four 

letters of a class or entity contained in the CERA knowledge 

base), the systems present material to the user, pose 

questions on the material covered, keep track of the user's 

mastery of material, and allow for the acquisition of 

information with guidelines in the guided system, or by 

allowing the user to roam at will through the knowledge base. 

By keeping query, question, and answer requirements to a 

minimum, the user is not required to enter long, involved 

sentences nor struggle with finding keys on the unfamiliar 

QWERTY keyboard. The CERA knowledge base organization allows 

for not only the grouping of associative knowledge, but also 

the hierarchical structure needed for many domain taxonomies. 



CHAPTER BIBLIOGRAPHY 

1. Brazile, R. P. 1984. "A general purpose data base 

design." Proceedings of the ACM Annual Conference. 

October 8-10. San Francisco, CA, 102-108. 

2. Brazile, R. P. 1985. Lecture notes. North Texas State 

University, Denton, Texas. 

3. Goldstein, I. P. 1982. "The genetic graph: A repre-

sentation for the evolution of procedural know-

ledge." In D. Sleeman and J. S. Brown (Eds), 

Intelligent tutoring systems. London: Academic 

Press. 

4. Quillian, M. 1968. "Semantic memory." In M. Minsky 

(Ed), Semantic information processing. Cambridge, 

MA: MIT Press. 

5. Woods, W. A. 1975. "What's in a link: Foundations for 

semantic networks." In D. G. Bobrow and A. Collins 

(Eds), Representation and understanding: Studies 

in cognitive science. New York, NY: Academic 

Press. 

75 



CHAPTER IV 

METHODS AND PROCEDURES OF THE STUDY 

In this chapter I discuss the methods and procedures 

involved in this study, then present the findings of the 

study. The first part of this chapter is necessarily divided 

into two major areas--the systems themselves and the 

population chosen to use them. After a short discussion of 

the development of the systems (for more detail of the 

systems, see Chapter III), I then discuss the rationale for 

the selection of the population for the study, the sample 

population itself, and procedures for analysis of the data 

obtained from the second part of the study. 

4.1 The Development of the Systems 

Both systems followed the same methods and procedures in 

their development. Approximately one year was spent in the 

development of prototype CERA systems in order to ascertain 

the feasibility of developing a more complete model. When 

the proposal for this study was approved, the various 

components were drawn together to constitute the framework 
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upon which the two systems, guided and query-based, were 

developed. When both systems were at a pre - completed stage, 

they were beta-tested using computer science students at St. 

Mary's University. These students were interviewed as to 

what they perceived as the strengths and weaknesses of both 

systems and their comments were used to further refine the 

function and presentation of the systems. After some 

revision, both systems were then implemented and the subjects 

of the study allowed to use them. 

4.2 The Population 

Although the population chosen for the study, predom-

inantly Hispanic, is not representative of the United States 

population as a whole, it is representative of the population 

of south Texas and represents a homogenous group thereof. 

The population consists of approximately 100 students, ages 

twelve through fifteen, in the sixth, seventh, and eighth 

grades at a private, parochial school--Holy Rosary School. 

Holy Rosary is 96% Hispanic and draws its students from 

middle and lower middle class families of western San 

Antonio, Texas. 

4.3 The Sample Selection 

A meeting was arranged with the classes targeted for the 

study to explain the project, the participation needed, and 
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Che remuneration for those who did participate--two dollars 

($2.00). Permission slips (see Appendix A) were left with 

the classroom teachers to distribute to those students who 

were interested in participating in the study. In order to 

assure an adequate sample, fourteen subjects per group--

Control, Guided, and Query - based--were selected from the 

three target grades. The sample was stratified by grade and 

sex before being randomly assigned to one of the groups. The 

forty-two participants were equally divided by sex, twenty-

one male and twenty-one female. Eighteen sixth grade 

volunteers, fourteen seventh grade volunteers, and all ten 

eighth grade volunteers were selected as participants. The 

sample contained two non-Hispanics (4.8%) and forty Hispanics 

(95.2%). The age distribution was fourteen twelve - year - olds, 

twelve thirteen-year-olds, fourteen four teen-year-oIds, and 

two fifteen-year-olds. These participants were randomly 

assigned to the Control Group or either of the two treatment 

groups after being stratified by grade and sex. The groups 

have the following grade breakdown: 

6 th 7 th 8 th 

Control 7 5 2 

Guided 6 5 3 

Query 7 4 3 
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Pre-cests and post-tests were administered to all subjects 

individually and the results were used to compute the data 

used in the analyses of the hypotheses. All subjects 

selected remained throughout the study, thus foregoing the 

necessity of drawing new subjects from the pool. 

4.4 Pro c e dur e s 

Each subject, upon arrival at the test site (Math 

Building 221 at St. Mary's U n i v e r s i t y ) was administered the 

pre-test (see Appendix B) . In order to facilitate answering 

the questions and to prevent mismarking, the subjects 

answered the test questions on the test itself and the 

answers were later transferred to a Scan-Tron answer sheet 

(Appendix F) for data analysis. This same procedure was 

followed for the post-test also. 

Upon completion of the pre-test, the subjects were then 

given the treatment they were assigned to--textual 

information (see Appendix D) for the Control Group and the 

specific ITS for the Guided and Query-based groups. All 

subjects, while receiving their treatment, were given 

illustrations (see Appendix E) of the dinosaurs that are 

discussed in both the textual and ITS p r e s e n t a t i o n s . 

Experimental treatment sessions were conducted on a 

V i e w p o i n t + monitor connected to a Vax 780 system. The 

students using the systems were given a training session on 
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cats in which they used queries and answered questions 

similar to the way they would on the ITS. This was done to 

familiarize them with the operation of the experimental ITS. 

Following the practice program, one of the two types of 

ITS were presented. A data collection procedure recorded the 

participant's starting and ending time, the Student Model 

kept track of the student's mastery, and the modified CERA 

kept track o£ the number of queries upon a class or entity. 

The time required for compiling, linking, and executing the 

system programs, plus the time for building the knowledge 

base, was not included in the student access time. The 

students worked on the systems as long as they wished-- there 

was no maximum nor minimum time required. 

Upon completion of the treatment, each subject was 

administered the post-test (see Appendix C) individually. 

The ITS subjects were then interviewed as to what they 

perceived as the strengths and weaknesses of the system used. 

All subjects were interviewed as to what information they 

learned was most interesting. The subjects in the Control 

Group were then allowed to use the ITS of their choice. 

In order to preclude the skewing of the test results, 

the subjects were advised that although they could discuss 

what they had done and learned with their parents and 

teachers, they were not to discuss it with any student until 

all participants had completed the study. Reports from their 
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teachers and subsequent participants indicated that the 

instruction were scrupulously followed. 

4.5 Collection of Data 

As stated In the previous section, the subjects' answers 

were transferred to Scan-Tron sheets in order to facilitate 

the data analysis. In order to analyze the data as to the 

integrative and factual achievement test scores, questions 

20, 33, 34, 36, 37, 38, 40, 41, 42, and 43 on the pre-test 

and questions 21, 34, 35. 37, 38, 39, 41, 42, 43, and 44 on 

the post-test were Identified as integrative questions, and 

the rest were identified as factual questions. From the 

answer marked on the individual Scan-Tron sheets, the raw 

achievement scores, integrative, factual, and total, of each 

subject's pre-test and post-test were compiled and used in 

the data analysis discussed below. 

4.6 Procedures for Analysis of Data 

Where applicable, the means were computed from ungrouped 
I 

gross scores. The standard deviation was computed by a 

formula for origin at zero and the measures in score units. 

In order to ascertain whether or not statistically signi-

ficant data is present, analysis of variance (ANOVA) [1] 

using SPSS-X was performed on achievement test scores of the 

control and treatment groups, factual achievement test scores 
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of the subjects in the guided and the query-based groups, and 

integrative achievement test scores of the subjects In the 

guided and the query-based groups. An analysis of co-

variance (ANCOVA) ill using SPSS-X was performed on the on-

line computer times of the subjects in the guided and query-

based groups. 

The null hypothesis that there was no difference between 

the means was set up and, by reference to a table of area for 

the normal curve, the level of significance was determined 

and reported [1 ] . 

4.7 Presentation of the Findings 

An ANOVA was run with the achievement test scores of th 

Control Group versus those of the two treatments to ascertain 

if there were any statistical significance in the test score 

gains of the treatment groups over the control. As Table I 

TABLE I 

ANOVA OF THE ACHIEVEMENT TEST SCORES OF THE 
CONTROL AND TREATMENT SUBJECTS 

Source DF SS MS R2 

Model 2 
Error 39 
Corr. Tot. 41 

1077.76 538.9 
2278.64 58.42 
3356.40 

9.22 0.0005 0.3211 

7.64 
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shows, thirty-two percent (R2 - .3211) of the cases are 

explained by the model. The differences in the achievement 

test score gains of the treatments over control are 

statistically significant (F - 9.22, P - 0.0005) and thus 

support the idea that subjects using the treatments .ill have 

statistically significant gains in achievement test scores 

than those in the control group. 

The first hypothesis states that the subjects using the 

guided ITS will have statistically higher factual achieveme 

scores than those using the query-based system. Table II 

shows the results of the ANOVA run on the factual achievement 

TABLE II 

ANOVA OF GUIDED VERSUS QUERY-BASED FACTUAL 
ACHIEVEMENT TEST SCORES 

Source DF SS MS R2 

3 6 3.6 0.06 0.8156 0.0021 

1672.85 64.34 
1672 .85 - " 8 • 0 2 " 

Model 
Error 
Corr. Tot. 

1 
26 
27 

test scores of the two groups. The table shows that less 

than one percent (R2 = 0.0021) of the cases are explained by 

the model. The differences in the factual achievement test 

scores are not statistically significant (F = 0.06..P = 

0.8156) and thus do not support the hypothesis that the 
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ided ITS subjects have statistically higher fact 

achievement scores than those using the query-based ITS. 

The second hypothesis states that the subjects using the 

query-based ITS will have statistically higher integrative 

TABLE III 

ANOVA OF GUIDED VERSUS QUERY-BASED INTEGRATIVE 
ACHIEVEMENT TEST SCORES 

Source 

5.99 0.0214 0.1800 41 .28 
6 . 9 

2 . 6 2 

Model 
Error 
Corr. Tot. 

41 . 28 
139.14 
220.43 

achievement scores than those using the guided ITS. Table 

III shows the results of the ANOVA run on the integrative 

achievement test scores of the two groups. As shown in the 

table, eighteen percent (R2 = 0.1800) of the cases are 

explained by the model. The table also shows that the 

differences in the integrative achievement test scores are 

statistically significant (F = 5.99, P - 0.0214) and thus 

support the hypothesis that subjects using the query based 

ITS have statistically significant higher integrative 

achievement test scores than those using the guided ITS. 

The third hypothesis states that subjects using the 

query-based ITS have statistically higher on-line times than 
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those using the guided ITS. The intervening factors 

indicated the need for an analysis of co-variance (ANCOVA). 

Table IV shows the results of the ANCOVA run on the on-

,f the guided and query-based ITS subjects. As 
line times o: 

TABLE IV 

ANCOVA OF GUIDED VERSUS QUERY-BASED ON-LINE 
COMPUTER TIMES 

Source 

4.68 0.0104 0.3690 

7 .01 

Model 
Error 
Corr. Tot. 

691.6 230.52 
1182.42 49.26 
1874.0 

the table illustrates, thirty-six percent <R2 = 0.3690) of 

the cases are explained by the model. The differences in the 

on-line times are statistically significant (F = 4.68, P = 

0.104) and thus support the hypothesis that the query based 

ITS subjects have statistically significantly higher on-line 

computer times than those on the guided ITS. An interesting 

note is that the data also shows that while time is a factor 

in determining achievement test scores, the type of treatment 

is not. This supports the findings in the implied hypo-

thesis, i.e. that treatment causes statistically significant 

gains in achievement test scores over non-treatment. 

The findings from Table I indicate that when combining 



86 

the data from both treatments, subjects using the tutor 

scored significantly higher on the post-tests than the 

control group at a significance level of .0005. Tables II 

and III show that although the guided ITS did not provide a 

statistically significant difference in factual test scores, 

the query-based ITS did provide a difference at a signi-

ficance level of 0.0214. However, the ANCOVA run on the on-

line computer times indicates that the difference is not 

dependent upon treatment, but rather "time on task" (see 

Table IV) . 
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CHAPTER V 

CONCLUSION 

As the instruction of scientific and technical knowledge 

reaches a critical juncture due to the lack of qualified 

personnel, the need for viable alternatives becomes impera-

tive. Computer-Assisted Instruction (CAI) provides a means 

for individualizing instruction, but does not provide the 

scope and depth needed for the fast-changing worlds of 

science and technology. Intelligent Tutoring Systems (ITS) 

can provide the individualization, scope, and depth needed to 

meet this challenge. However, the best architecture for 

representing certain knowledge, either integrative or 

factual, has not been ascertained for the ITS being 

developed. 

A better method for storing and presenting information 

to the learner through an ITS would greatly benefit the 

field. One such method is CERA, a C l a s s - Entity-Relationship -

Attribute database design developed by Brazile [6]. This 

design combines many of the strengths of the common database 

designs: hierarchical, network, entity - relationship [9, 14, 
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designs-.semantic nets [2 J, produc-

tion systems [l], plan-frames [4J. 

At the same time, the development of an ITS should take 

into consideration that the education system in the United 

States w i n „ e e d t 0 a d d r e s s ^ n e e d s o f ^ 

populations. This is especially true i„ the Southwest and 

many major cities because not only are Hispanics the fastest 

growing minority group in the United states, they are also a 

young group (average age 24.7, with 38.7* o f th. population 

under the ag, of seventeen [12). This minority group has 

already attained great importance in the states bordering 

Mexico, ,1.0, Of the population in Texas, 19. 2 t i n 

California, 16.3% i„ Arizona, and 36.6% in New Mexico [8J; 

« "ell as in such cities such as Miami, Chicago, Denver, and 

New York [11] . Hispanics also comprise 54.6% of the popu-

lation of San Antonio ,8, and 48.6, of the student population 

of St. Mary's University, designated a "minority university 

by the U.S. D e p a r t m e n t of E d u c a t i o n [10]. 

5.1 Summary 

With the above considerations in mind, the primary 

objective of this research was the feasibility of building an 

ITS using a CERA knowledge base A * 
ge base. A secondary objective of 

this research was to then test- t-ha t-
test the two systems developed--

S^ided and Queirv-bfl 
7 b a S e d - " o n * Primarily Hispanic population to 
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find out which of the two caused more statistically 

significant increases in factual and integrative achievement 

test scores and which of the group's subjects had 

statistically significantly higher on-line computer time. 

The achievement test scores of the subjects undergoing 

treatment or non-treatment were statistically analyzed 

through analysis of variance for the possible effects of 

information. The factual and integrative achievement test 

scores of the subjects undergoing one of the two treatments 

were statistically analyzed through analysis of variance for 

the possible effects of the treatment. The amount of on-line 

computer time of the subjects in the two treatments were also 

statistically analyzed through analysis of co-variance for 

the possible effects of time on achievement test scores. 

Academic achievement, for the purpose of this study, was 

measured by the test scores, total, factual, and integrative, 

of two comparable Cretaceous paleontology exams administered 

as pre-tests and post-tests to all subjects in the study. 

Three formal hypotheses and one implied hypothesis were 

tested. 

Data from this study suggest that an ITS using a CERA 

knowledge can be constructed as an effective teaching tool. 

Such a system can positively affect achievement test scores 

at a .0005 level and explain 32% of the variation in the 

scores (see Table I). These findings support other studies 
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which show chat an ITS is a better method of information 

presentation and acquisition than a textual one. 

The data also shows that subjects using a guided system 

score higher on factual knowledge questions at a .82 level 

and explain less than 1% of the variation (see Table IX). 

Data from this study also show that subjects using a query-

based system can score higher on integrative knowledge 

questions at a .02 level and explain 18% of the variation 

(see Table III). 

Data from this study also show that subjects using a 

query-based system have statistically significantly higher 

on-line computer times than those on the guided system, with 

"time on task" being the determining factor for achievement 

test score increase rather than treatment. On-line computer 

time is a determining factor for achievement test score at a 

.01 level and explaining 37% of the variation (see Table IV). 

5.2 Recommendations for Further Research 

Although much research and development has occurred m 

the fields of Artificial Intelligence, Knowledge Base Repres-

entation, and Intelligent Tutoring Systems, the effect of a 

CERA knowledge base on varied knowledge domains has not been 

assessed. Consequently, there is a need for further research 

on the efficacy of CERA as a generic knowledge base design m 

different systems and domains. 
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There is a need to develop ITS which have very large and 

dynamic knowledge bases since the idea of non triviality 

knowledge base is seen as a major factor in the efficacy of 

the knowledge base design [3], Soloway and Littman [13] have 

stressed that any ITS must undergo both internal and external 

evaluation in order to ascertain its true validity and 

robustness. Such an evaluation needs to be undertaken for 

any CERA-based ITS developed. 

A need exists for the feasibility of a CERA-based ITS 

being developed on micro-systems and the feasibility of the 

CERA knowledge base being "built on demand" due to the memory 

restrictions of a micro-system [7]. Such systems would then 

need to be tested for the most appropriate secondary memory 

search/store strategies [7]. 

Finally, this researcher suggests the need for a study 

of an implementation of a CERA-based ITS on a much larger 

subset of the Cretaceous paleontology domain and the effects 

of its use on non-computer science majors at a college level. 

Such a study would add credibility to the present study and 

broaden the scope of the age-level applicability of a CERA-

based ITS. 
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Dear Parents: 

As cart of a dissertational research project, students are needed 
to test the effectiveness of a computer•as sisted " a c h i n g 

T am reauestine your permission to have your child 
oarticipate in this experiment, d e p e n d i n g on the group your 
c h " d is selected to be in, they will be presented information in 
textual form or on a computer. If your child is s e U t t . d ^ t 
experiment will require them to come to my .5ffice at St^ M y 
University Math Bldg 221, for approximately 2 hours to complete 
their part' in the experiment. Your child's time to participate 
in this experiment will be scheduled such that it will not 
conflict with either their school or home schedule. F° r their 
participation, each student selected to participate will receive 
two dollars ($2 00). Since this is an extra-curricular activi y, 
" u r c h V l d ' s participation or non-par t icipat ion will in no way 
affect their standing in school, as will allow them 
participate in an important, as well as interesting, experimen . 

If you have any questions, please feel free to contact me at the 

St. Mary's University Computer Science Dept. 4ib-J^l/. 

Sincerely, 

Douglas Lee Hall 
Assistant Professor 
Computer Science Department 
St. Mary's University 

If you wish to allow your child to participate, please fill m 
the form below, detach, and return it to your child's teacher. 

I give permission for my child, 
to participate in the computer project. 

SIGNATURE D A T E 
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COMPUTER PROJECT PRETEST 

Student ID Number: .— 

DIRECTIONS: Use this test to mark your answers. 

Circle the letter(s) of the dinosaur(s) 
characteristic listed: 

that has the 

A = Anatosaurus 
B = Anklyo s aurus 
C = Pteranodon 
D = Triceratops 
E = Tyrannosaurus 

1. Bipedal A B C D E 

2 . Quadrupedal A B C D E 

3 . Carnivorous A B C D E 

4 . Herb ivorous A B C D E 

Circle the letter of the dinosaur that has the characteristic 

listed: 

A = Anatosaurus 
B = Anklyosaurus 
C = Pteranodon 
D - Triceratops 
E = Tyrannosaurus 

5 . 6-inch teeth A B C D E 

6 . Wings A B C D E 

7 . Duck-bill mouth A B C D E 

8 . Horns A B C D E 

9 . Armor A B C D E 

Circle the letter of the dinosaur that goes with each of the 

following defenses: 

A - Anatosaurus 
B = Anklyosaurus 
C - Pteranodon 
D - Triceratops 
E = Tyrannosaurus 

10. Ferocity A B C D E 

11 . Water A B C D E 

12 . Armor A B C D E 

13 . Flight A B C D E 

14. Horns A B C D E 
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Computer Project PRETEST 

15 . 
Circle the letter of the time period of the Mesozoic Era: 

A. 
B . 
C . 
D . 

70 million B.C. to present 
225 million B.C. to 70 million B.C. 
500 million B.C. to 225 million B.C 
4.5 billion B.C. to 500 million B.C 

Circle the letter which tells if you would or would not see the 
following in Texas during the Cretaceous Period: 

16. Dinosaurs 
17. Flowering plants 
18. Mammals 
19 . Trees 
20. Volcanoes 
21. Warm, shallow seas 

Y 
Y 
Y 
Y 
Y 
Y 

N 
N 
N 
N 
N 
N 

Circle the period name that goes with the meanings. 

A = Cretaceous 
B = Jurassic 
C = Triassic 

22. A valley in Germany 
23. Chalk 
24. Three, third 

A B C 
A B C 
A B C 

Circle the period of the following dinosaurs 

A = Cretaceous 
B - Jurassic 
C = Trias s ic 

25 . Anatosaurus A B 

26 . Anklyosaurus A B 

27 . Bronto s aurus A B 

28 . Pteranodon A B 

29 . S tegosaurus A B 

30 . Triceratops A B 

31. Tyranno s aurus A B 

C 
C 
C 
C 
C 
C 
C 
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Computer Project PRETEST 

Below are statements about event:s in the Cre«<=e°«s p « £ • * £ 

the event could have happened, circle T (for True). not, 

circle F (for False) . 

32. A Tyrannosaurus attacking an Anatosaurus T F 

33. A caveman hunting an Anklyosaurus ^ 
34. A Triceratops eating an Anatosaurus ^ 

35. A Pteranodon eating meat 
36. A Tyrannosaurus attacking a Stegosaurus ^ 

37. An Anklyosaurus eating meat 
38. An Anatosaurus in the water with a Brontosaurus 
39. A Triceratops defending itself by flying away 
40. A Triceratops eating flowering plants 

T F 
T F 
T F 

41. A Pteranodon eating mammals ^ „ 
42. An Anklyosaurus defending itself by going into water T 
43. A Stegosaurus running away from a volcano 
44. A Tyrannosaurs defending itself with its armor 
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COMPUTER PROJECT POSTTEST 

Student ID Number 

DIRECTIONS: Use this test to mark your answers. 

Circle the letter(s) of the characteristics(s) that goes with 

each dinosaur listed: 

A = Quadrupedal 
B = Bipedal 
C = Carnivorous 
D = Herbivorous 

A B C D 
A B C D 
A B C D 
A B C D 
A B C D 

1. Anatosaurus 
2. Ankylosaurus 
3 . Pteranodon 
4. Triceratops 
5. Tyrannosaurus 

Circle the letter of the characteristic that goes with each 

dinosaur listed: 

A = 6-inch teeth 
B = Wings 
C - Duck-bill mouth 
D = Spiked armor 
E = Three horns 

6 . Anatosaurus A ' B C D E 

7 . Anklyosaurus A B C D E 

8 . Pteranodon A B C D E 

9 . Triceratops A B C D E 

10 . Tyrannosaurus A B C D E 

Circle the letter of the defense that 

following dinosaurs: 

A - Armor 
B - Ferocity 
C - Horns 
D - Water 
E - Flight 

11 . Anatosaurus A B C D E 

12 . Anklyosaurus A B C D E 

13 . Pteranodon A B C D E 

14. Triceratops A B C D E 

15 . Tyranno s aurus A B C D E 
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Computer Project POSTTEST 

16 Circle the letter of the time period of the Mesozoic Era: 

A. 
B . 
C . 
D . 

70 million B.C. to present 
225 million B.C. to 70 million B.C. 
500 million B.C. to 225 million B.C 
4.5 billion B.C. to 500 million B.C 

Circle the letter which tells if you would or would not see the 
following in Texas during the Cretaceous Period: 

17 . 
1 8 , 

19 
20 
21 
22 

Dinosaurs Y N 
Flowering plants Y N 
Mammals Y N 
Trees Y N 
Volcanoes Y N 
Warm, shallow seas Y N 

Circle the period name that goes with the meanings: 

A - Cretaceous 
B = Jurassic 
C = Triass ic 

23 . A valley in Germany A B C 

24 . Chalk A B C 

25 . Three, third A B C 

Circle the period of the following dinosaurs 

A - Triassic 
B = Jurassic 
C - Creataceous 

26 . Anatosaurus A B C 

27 . Anklyosaurus A B C 

28 . Brontosaurus A B C 

29 . Pteranodon A B C 

30 . S tegosaurus A B C 

31 . Triceratops A B C 

32 . Tyranno s aurus A B C 
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Computer Project POSTTEST 

Below are statements about events In the Cretaceous Period. If 

the event could have happened, circle T (for True). If not, 

circle F (for False). 

T F 
T F 
T F 
T F 
T F 
T F 

33. A Tyrannosaurus attacking an Anatosaurus 
34. A caveman hunting an Anklyosaurus 
35. A Triceratops eating an Anatosaurus 
36. A Pteranodon eating meat 
37. A Tyrannosaurus attacking a Stegosaurus 
38. An Anklyosaurus eating meat 
39. An Anatosaurus in the water with a Brontosaurus ^ ^ 
40. A Triceratops defending itself by flying away 
41. A Triceratops eating flowering plants 
42. A Pteranodon eating mammals 
43. An Anklyosaurus defending itself by going into water 

A Stegosaurus running away from a volcano 44 
45. A Tyrannosaurs defending itself with its armor 

T F 
T F 
T F 
T F 
T F 
T F 
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The Age of Dinosaurs 

The Mesozoic Era is that time in the history of the world 

stretching from 70,000,000 (70 million) years Before Christ 

(B.C.) to more than 225,000,000 (225 million) years B.C. Man has 

been here since only 3,000,000 (3 million) years B.C. 

The Mesozoic Era is divided into three periods -- Cretaceous 

(meaning "chalk"), Jurassic (named for the Jura Valley m 

Germany), and the Triassic (meaning "three or third"). The 

Cretaceous Period is the most recent of the Mesozoic periods and 

lasted from 135 million B.C. to 70 million B.C. It was during 

this period that dinosaurs reached their peak in number and size. 

It was at the end of this period that the dinosaurs mysteriously 

died out. The Cretaceous Period rocks are all over the San 

Antonio area since at that time, most of Texas was covered with 

warm, shallow seas. If you could see look back to that time, you 

would find the land looked very much like it does now -- warm 

temperatures, flowering plants, trees, and, in the eastern United 

States, volcanoes that were building the Appalachian Mountains. 

Although there were many dinosaurs that lived during the 

Cretaceous Period, some of the most well-known and. familiar were 

from other periods. The Stegosaurus and the Brontosaurus lived 

in the Jurassic Period. The Anatosaurus, Anklyosaurus, 

Pteranodon, Triceratops, and Tyrannosaurus lived in the 

Cretaceous. Although there were mammals, animals with fur/hair, 
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in the Cretaceous, they were vary small creatures that hid from 

the much larger dinosaurs. Each dinosaur had special 

characteristics, but generally herbivores (plant - eaters) were 

quadrupedal (four-footed) and lived in herds; while carnivores 

(meat-eaters) were bipedal (two-footed) and hunted in small 

groups of two to four, or by themselves. 

The Anatosaurus, a bipedal herbivore about 20 feet tall, had 

a mouth like a duck and ran into deep water to save itself from 

the carnivores. The anklyosaurus, a quadrupedal herbivore about 

10 feet long, looked like an armadillo with spikes, which it used 

for defense. The Brontosaurus, a quadrupedal herbivore about 100 

feet long, had a long neck and tail and fled into water when a 

carnivore came near. The Pteranodon, a bipedal carnivore, had 20 

foot wings which it used for escape and to glide through the air 

looking for animals to eat. The Stegosaurus, a quadrupedal 

herbivore about 30 feet long, had plate-like scales on its back 

and a tail with horns it used for defense. The Triceratops, a 

quadrupedal herbivore about 30 feet long, had a shield-like head 

with three horns it used for defense. The Tyrannosaurus, a 

bipedal carnivore about 30 feet tall, had six-inch teeth and so 

was so ferocious, it had fear only of larger Tyrannosaurs. 
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Shown below is a typical dialogue between a user and the 

query-based system. The user responses are surrounded by 

brackets []. Two brackets together indicate the entry of a 

Carriage Return. 

The classes of information over the Age of Dinosaurs 

are : 

MESOZOIC 
DINOSAURS 
FOOD 
DEFENSE 
LANDSCAPE 

Which would you like to study? 

[DINS] 

DINS is not a class. Is that a mistype - Y or N? 

m 

Which would you like to study? 

[DINO] 

Just a moment, please. 

The Overseer would then build an entities list from the class 
DINOSAURS. The user/system dialogue would continue: 

The areas of study in the class of DINOSAURS are 

ANATOSAURUS 
ANKLYOSAURUS 
BRONTOSAURUS 
PTERANODON 
STEGOSAURUS 
TRICERATOPS 
TYRANNOSAURUS 
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These areas may be studied in any order. Which would 
you like to study? 

[TYRA] 

Just a moment, please. 

The TYRANNOSAURUS had 6 - inch teeth. 

[] 

It was bipedal, two-footed. 

[] 

It ate meat. 

M 

It was 30 ft tall. 

[] 

Look at the picture to see what it looked like. 

[] 

Are there any questions about its attributes - Y or N? 

[N] 

Screen would clear and the attribute question would be 
presented to the user. 

Which of the following attributes does NOT belong to the 
TYRANNOSAURUS: 

1. 6 - inch teeth 
2. meat eater 
3. b ipedal 
4. armor 

Answer:[4] 

The screen would clear and the system would continue: 

Here are the following relationships of the 
TYRANNOSAURUS: 
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The TYRANNOSAURUS lived in the CRETACEOUS. 

[] 

It is a CARNIVORE. 

[] 

[CARN] 

CARNIVORE is a meat-eater. 

[] 

Usually bipedal, two-footed. 

[] 

Usually ate herbivores. 

[] 

Hunted alone or... 

[] 

Hunted in groups of two to four. 

[] 

Are there any questions about its attributes - Y or N? 

[N] 

Screen would clear and the attribute question would be 
presented to the user. 

Which attribute does NOT belong to a CARNIVORE: 

1. Usually quadrupedal 
2. Ate meat 
3. Hunted in groups 
4. Hunted alone 

Answer:[1] 
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Here are the relationships of CARNIVORE: 

TYRANNOSAURUS is a CARNIVORE. 

[] 

PTERANODON is a CARNIVORE. 

[] 

Any questions about the relationships - Y or N? 

[TYRA] 

You have mastered the attributes of TYRANNOSAURUS. 
Do you wish to see them again - Y or N? 

[N] 

Here are the following relationships of the 
TYRANNOSAURUS: 

The TYRANNOSAURUS lived in the CRETACEOUS. 

[] 

It is a CARNIVORE. 

[] 

It had defense of size and ferocity. 

[] 

Any questions over the relationships? 

[N] 

Screen would clear and the relationships question presented 
to the user. 

The TYRANNOSAURUS lived during which period: 

1 - Triassic 
2 - Jurassic 
3 - Cretaceous 

Answer:[3] 
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The areas to study in the class of DINOSAURS are 

ANATOSAURUS 
ANKLYOSAURUS 
BRONTOSAURUS 
PTERANODON 
TRICERATOPS 
STEGOSAURUS 
TYRANNOSAURUS 

Which would you like to study? 

[HERB] 

HERB is riot in this area. Is that a mistype - Y or N? 

[N] 

Do you know what class that is in - Y or N? 

[N] 

Just a moment, please. 

HERB is the area HERBIVORE in the class FOOD. 
Do you wish to study that now - Y or N? 

[N] 

The areas to study in the class of DINOSAURS are 

ANATOSAURUS 
ANKLYOSAURUS 
BRONTOSAURUS 
PTERANODON 
TRICERATOPS 
STEGOSAURUS 
TYRANNOSAURUS 

Which would you like to study? 

[HOME] 

The classes of information over the Age of Dinosaurs 
are : 
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MESOZOIC 
DINOSAURS 
FOOD 
DEFENSE 
LANDSCAPE 

Which would you like to study? 

[QUIT] 

Program over -- Please turn off the machine. 
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Shown below is a typical dialogue between a user and the 

guided system. The user responses are surrounded by brackets 

[]. Two brackets together indicate the entry of a Carriage 

Return. 

The classes of information over the Age of Dinosaurs 
are : 

MESOZOIC 
DINOSAURS 
FOOD 
DEFENSE 
LANDSCAPE 

The order of study is shown above. 
You have not mastered MESOZOIC, DINOSAURS, FOOD, 
DEFENSE, LANDSCAPE. 
Which would you like to study? 

[DINS] 

DINS is not a class. Is that a mistype - Y or N? 

[Y] 

Which would you like to study? 

[DINO] 

DINOSAURS is not the order listed. Do you wish to 
study it now -- Y or N? 

[Y] 

Just a moment, please. 

The Overseer would then build an entities list from the class 
DINOSAURS. The user/system dialogue would continue. 
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The areas of study in the class of DINOSAURS are: 

ANATOSAURUS 

ANKLYOSAURUS 
BRONTOSAURUS 
PTERANODON 
STEGOSAURUS 
TRICERATOPS 
TYRANNOSAURUS 

These areas may be studied in any order. 
You have mastered none. 
Which would you like to study? 

[TYRA] 

Just a moment, please. 

The TYRANNOSAURUS had 6-inch teeth. 

[ ] 

It was bipedal, two-footed. 

[] 

It ate meat. 

[] -

It was 30 ft tall. 

[] 

Look at the picture to see what it looked like. 

[] 

Are there any questions about its attributes - Y or N? 

[N] 

Screen would clear and the attribute question would be 
presented to the user. 
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Which of the following attributes does NOT belong to the 
TYRANNOSAURUS: 

1. 6 - inch teeth 
2. meat eater 
3. bipedal 
4. armor 

Answer:[4] 

The screen would clear and the system would continue: 

Here are the following relationships of the 
TYRANNOSAURUS: 

The TYRANNOSAURUS lived in the CRETACEOUS. 

[ ] 

It is a CARNIVORE. 

[CARN] 

You have not finished with TYRANNOSAURUS. 
Do you wish to see CARNIVORE now — Y or N? 

[Y] 

CARNIVORE is a meat-eater. 

[ ] 

Usually bipedal, two-footed. 

[] 

Usually ate herbivores. 

[] 

Hunted alone or. . . 

[] 

Hunted in groups of two to four. 

[ 1 
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Here are the following relationships of 
TYRANNOSAURUS: 

The TYRANNOSAURUS lived in the CRETACEOUS. 

[] 

It is a CARNIVORE. 

[] 

It had defense of size and ferocity. 

[] 

Any questions over the relationships? 

[N] 

Screen would clear and the relationships question presented 

to the user. 

The TYRANNOSAURUS lived during which period: 

1 - Triassic 
2 - Jurassic 
3 - Cretaceous 

Answer:[3] 

The areas to study in the class of DINOSAURS are 

ANATOSAURUS 
ANKLYOSAURUS 
BRONTOSAURUS 
PTERANODON 
TRICERATOPS 
STEGOSAURUS 
TYRANNOSAURUS 

You have mastered TYRANNOSAURUS. 
Which would you like to study? 

[HERB] 

HERB is not in this area. Is that a mistype - Y or N? 

[N] 
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Do you know what class that is in - Y or N? 

[N] 

Just a moment, please. 

HERB is the area HERBIVORE in the class FOOD. 
Do you wish to study that now - Y or N? 

[N] 

The areas to study in the class of DINOSAURS are 

ANATOSAURUS 
ANKLYOSAURUS 
BRONTOSAURUS 
PTERANODON 
TRICERATOPS 
STEGOSAURUS 
TYRANNOSAURUS 

You have mastered TYRANNOSAURUS. 
Which would you like to study? 

[HOME] 

The classes of information over the Age of Dinosaurs 

are : 

MESOZOIC 
DINOSAURS 
FOOD 
DEFENSE 
LANDSCAPE 

The order of study is shown above. 
You have not mastered MESOZOIC, DINOSAURS, FOOD, 
DEFENSE, LANDSCAPE. 
Which would you like to study? 

[QUIT] 

You have not achieved full mastery. 
Do you still wish to quit -- Y or N? 

[Y] 

Program over — Please turn off the machine. 
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